The distribution dynamics of incomes across Indian states are examined using the entire income distribution instead of using standard regression approaches. The period 1965 to 1997 exhibits the formation of two convergence clubs: one at 50% and another at 125% of the national average income. Income disparities across the states declined over the sixties and then increased over the seventies, eighties and the nineties. Conditioning exercises reveal that the observed polarisation is associated with the disparate distribution of infrastructure. In particular, education, extent of irrigation and literacy is found to be associated with the formation of the lower convergence club. Robustness tests undertaken with panel regressions reveal that irrigation, education, roads, industrial power consumption and bank deposits are signi…cantly associated with growth performances.
Introduction
This paper documents the dynamics of incomes across Indian states over three decades . The evolution of the state-level income distribution is examined rather than investigating whether one obtains beta or sigma convergence. This is necessary not only to understand the empirics of catch-up more accurately but also to identify the nature of the underlying distributional dynamics, namely whether there are long-run cohesive tendencies, polarization, strati…cation or the emergence of convergence clubs. Some explanations are then provided: infrastructural indicators are found to be signi…cantly associated with the evolution of the income distribution and the formation of convergence clubs.
Some simple statistics reveal the wide disparities in growth across Indian states -Punjab's income has been at least twice that of Bihar's, Orissa's and Rajasthan's since 1965. Some states have doubled their incomes (real GDP per capita) over the period of the mid sixties to the 1990s, while the poorest states lie well below the national average income. The analysis in the paper reveals the existence of two convergence clubs: while over the late 1960s there were some tendencies of cohesion, from the 1970s to the 1990s incomes have persistently become polarised. Finally, some auxiliary factors are identi…ed which explain the observed dynamics. The paper focuses in particular on the role of a set of economic and social infrastructural indicators in explaining the observed polarisation. The results suggest that some infrastructural indicators, namely that of literacy, the extent of irrigated land and transport infrastructure robustly explain the formation of the lower convergence club.
Of course, a large literature already studies unequal growth across Indian states. Those based on the popular cross section regression approach, of Bajpai and Sachs (1996) , Cashin and Sahay (1996) , Nagaraj and Venganzones (1997) , Aiyar (2000) and Trivedi (2003) emphasise such diverging distributional characteristics, but none about intradistributional mobility. Convergence as an empirical concept, as de…ned by Solow (1956 ) is understood as a single economy approaching its theoretically derived steady state growth path. Standard empirical analyses only study the behaviour of the single (representative) economy. While such an empirical methodology can accurately uncover tendencies of divergence, it does not uncover the empirical regularities of the distributional patterns (of polarisation or strati…cation) that I wish to expose. Similarly, time series approaches such as in Carlino and L.Mills (1993) estimating the univariate dynamics of income also remain incomplete in describing the dynamics of the entire cross section.
While a large literature, both macroeconomic and political economy, has discussed what drives such income disparities, only recent studies are coming to recognise the non-linear nature of the impact of the many drivers of economic growth - Kalaitzidakis (2001) for instance, highlights the non-linear nature of education on economic growth. Standard empirical tools of panel or cross section regression are not fashioned to explain the formation of convergence clubs at di¤erent parts of the income distribution 1 . Theoretical contributions of (Bernaud and Durlauf (1996) , Durlauf and Johnson (1995) , Estaban and Ray (1994) , Ben-David (1994) , De Long (1988) , Galor and Zeira (1993) ) allow for explicit patterns of cross-economy interaction, whereby economies cluster together into groups to endogenously emerge. They recognise that economies do not evolve in isolation, but in clubs and groups, and such distributional characteristics remain unexposed under standard empirical techniques for studying convergence. The analysis in this paper adopts this approach empirically. Bianchi (1995) , Jones (1997) , Desdoigts (1994) , Fiaschi and Lavezzi (2003) and Grazia-Pittau and Zelli (2008) study the evolution of the entire distribution over time using various non-parametric methods. In this paper I use the distribution dynamics approach as presented in Quah (1997) . It encompasses both time series and cross section properties of the data simultaneously and presents itself as an ideal approach for large data sets. The intra-distribution dynamics information is encoded in a transition probability matrix, and the ergodic distribution associated with this matrix describes the long term behaviour of the income distribution. This method can also be extended to identify factors governing the formation of these convergence clubs. Identi…-cation of some explanatory factors will comprise a major part of the paper and contributes to a growing body of empirical literature on the identi…ca-tion of non-linear e¤ects of di¤erent factors, as with infrastructure in this analysis, on economic growth.
The rest of the paper is organised as follows. Section 2 discusses some simple dynamics and introduces the distribution dynamics approach. Section 3 describes the observed distribution dynamics and polarisation, and presents a number explanatory factors which are associated with the observed distribution dynamics. Section 5 presents robustness checks using standard panel regression methods. Section 6 concludes.
1 Standard methods of cross section and panel regression analyses have also been criticised for the con ‡icting and therefore misleading results the regression approach can result in. Quah (1993) shows that it is clearly possible to obtain beta convergence using the regression approach with a diverging income distribution over time -i.e. without sigma convergence.
Some simple dynamics
Let us take a cursory look at some basic statistics on growth in India. GDP per capita and price data used for this paper has been obtained from Özler and Ravallion (1996) . GDP per capita data for 1989 to 1998 has also been obtained from the World Bank, compiled as a separate dataset, but from same Government of India sources.
The richest state, Punjab, already had a per capita income of 270 (in 1990 dollars for international comparability) in 1965, which increased to 370, increasing by a factor of 34% by 1988, and by another 21% by 1997. Another group of rich states,Gujarat's and Maharashtra's per capita income had increased from 183 and 196 (in 1990 dollars) to 233 and 303 by a factor of 20% and 27 %, and by another staggering 40% and 51% by 1997, respectively. By comparison, the Indian average per capita GDP (in 1990 dollars) was 153 in 1965 and 195 in 1988 (increasing by 27 %) , and increasing by another 33 per cent by 1997 . Hence, Punjab was already almost twice as rich as the Indian average in 1965 and remained so at the end of the period. Maharashtra, Gujarat and Haryana's income per capita have also maintained a per capita income of almost twice the Indian average all throughout the period. On average, states of Punjab, Haryana, Gujarat, Maharashtra were at 123%, in 1965 and over 152%, in 1988 of the Indian average and grew another 36% as a group over 1988 to 1997.
The poorest regions are also evident -Bihar, Orissa in the east, Rajasthan in the west, and Uttar Pradesh in the north have consistently been lying around the lowest per capita GDPs. Bihar, Orissa and Uttar Pradesh and Rajasthan have been at 85% in 1965 and 80% in 1988 of the Indian average, and by 1997 grew only another 19% as a group. Bihar and Orissa had per capita GDPs of 122 and 121 in 1965 and 122 and 145 in 1988 (in 1990 dollars) . Thus over the entire period of study, the income of the richer states has been almost three times that of the poor. Interestingly, while the growth rates of Madhya Pradesh, Assam, Andhra Pradesh, Uttar Pradesh, Orissa, and Bihar, the six poorest states, Ire all signi…cantly below the national growth rate, they account for more than half of the Indian population.
However, not all that were rich or poor remained so. West Bengal, notably, with a GDP per capita of 196 in 1965 and 205 (in 1990 dollars) in 1988 fell steeply in its ranking from second to eighth by 1988. Thus, West Bengal teamed with Punjab, Haryana and Maharashtra as a high growth state in the 1960s, but experienced dismal growth over the following years. Again, while the surge of growth in the 1980s bene…ted the four richest states, it also pushed up Karnataka and Tamil Nadu, whose 1988 per capita income had increased by 21% and 36% over 1980-88, and a further 45 % for each, by 1997.
Analysing the same details reveals that over 1965 to 1997 the standard deviation (SD) of per capita income has increased by 192%, while the interquartile range (IQR) has increased by 137%. A signi…cant increase in spread manifests itself clearly, in that the SD is about double that of the IQR. This, however, has an interesting implication. With the IQR accounting for the middle 50% of the distribution, the SD exceeding it (by such a large amount) can only be attributed to some high performers outperforming the rest of the intermediate and poor states.
These back-of-the-envelope calculations reveal the dynamic spatial patterns of regional growth in the Indian states. It reveals both persistence and mobility. While some rich have remained rich, and the poor persistently poor, there have been some signs of mobility -instances of high performers who have declined in their performance over the period -West Bengal, others who have picked up over the period, for example, Karnataka. Thus, apart from those consistent performers, there is plenty of evidence of relative successes and failure all across India.
3 The Distribution Dynamics.
To reveal the intra-distributional dynamics over the given period of time, I will now track the evolution of the entire income distribution over time. Markov chains are used to approximate and estimate the laws of motion of the evolving distribution 2 . The intra-distribution dynamics information is encoded in a transition probability matrix. The income distribution into a number of "income states", and locating each spatial unit within this distribution. If the probabilities of transition from one income state to another is non-zero, one deduces mobility. If such probabilities are small, one deduces 2 The distribution dynamics approach (Quah 1997 ) is based on treating a single income distribution as a random element in a …eld of income distributions, called the random …eld. The density function of the income distribution is estimated at each point in time and is then observed how it evolves over time. The primary tool used to track the evolution of the income distribution is the transition probability matrix, which will record the probabilities of persistence and mobility across the income distribution. Both stochastic kernels and transition matrices provide an estimate of intra-distribution mobility taking place. In both cases, it is assumed that an economy (in our case, an Indian state) over a given time period (say, one year or …ve years) either remains in the same position, or changes its position in the income distribution. Such a change in position of an economy in the income distribution is called a transition. The transition probabilities are then encoded in the transition probability matrix for transitions over di¤erent sets of intervals in the income distribution. Low probabilities of transition indicate persistence, while higher probabilities indicate mobility.
persistence. However, there are a drawbacks to the discretised approach to measuring the dynamics. The most signi…cant drawback with the discrete approach is the selection of income states being arbitrary -arbitrary sets of discretisations may lead to di¤erent results. The stochastic kernel improves on the transition probability matrix by allowing the space of income values to be a continuum of states 3 . By this one removes the arbitrariness in the discretisation of the states. One now has an in…nite number of rows and columns replacing the transition probability matrix and observe a probability mass recording the probabilities of persistence and mobility 4 . Interpreting the stochastic kernels is as follows. Any slice running parallel to the horizontal axis (i.e., t + k axis) describes a probability density function describing the transitions from one part of the income distribution to another over k periods. Concentration of the probability mass along the positive slope indicates persistence in the economies' relative position and therefore low mobility. The opposite, i.e., concentration along the negative slope, would imply overtaking of the economies in their rankings. Concentration of the probability mass parallel to the t + k axis indicates that the probability of being in any state at period t + k is independent of their position in period t i.e., evidence for low persistence. Finally, convergence is indicated when the probability mass runs parallel to the t axis.
Figures 1 to 4 present the stochastic kernels for per capita income (relative to national average) of 1-year transitions for four sub-periods 1965-70, 1971-1980, 1981-88, and 1990-97 . Data on real per capita income has been obtained from Özler and Ravallion (1996) and the World Bank.
The stochastic kernels reveal that the later years provide increasing evidence of persistence and low probabilities of changing their relative position. Over the periods 1965-70, 1971-80, 1981-88, 1990 -97 one can observe in Figures 1 to 4 the probability mass lengthening and shifting in line with the 3 Such re…nement goes beyond the generalisation as well. It is well known that discretisation may remove the Markov property from an otherwise well-behaved Markov process, see Chung (1960) . For further re…nements proposed in discretising a continuous state-space Markov chain in the distribution dynamics context, see Bulli (2001) . 4 There are further problems with the discretised approach. As these estimates are based on time stationary transition matrices, they are not reliable for long time periods for economic structural changes. I am also constrained by the small number of states with the Indian example, there by making it di¢ cult to make inferential statements by bootstrapped p-values associated with the probabilities. For further methods highlighting how more information may be obtained from such transition matrices, see Fiaschi and Lavezzi (2003) . positive diagonal, with two peaks at the two ends of the mass. The cluster of states at the two peaks consist of low income economies at around 50 per cent of the all India average and another at 125 per cent of the average. Thus, the sub-sample periods, particularly during the later years, have shown cohesive forces substantially dissipating in in ‡uence. The result is that of the rich states forging ahead, with the poor making little progress and a dispersing middle income group.
For robustness, I estimate stochastic kernels over the di¤erent sub-periods, and over longer (5 and 10 years) periods. The results obtained (not presented for brevity and obtainable from the author) suggest the same results as those above: the pressing facts that are revealed are that of convergence over the late 1960s, with increasing divergence over the 1970s, 1980s and 1990s.
To summarise:
I obtain evidence of persistence, and increasing divergence over the period 1970s to the 1990s, though some evidence of intra-distributional mobility over the late 1960s is revealed.
The stochastic kernels provide evidence of the formation of convergence clubs at two di¤erent points of the distribution -one at 50% of the national average, another at 125% of the national average.
The evolution of these kernels over the three decades suggests that disparities have been widening. With the sample size very small, robustness statistics (such as bootstrapped standard errors for the probabilities) are statistically of little relevance here.
Clearly, the evidence obtained is in con…rmation of the simple statistics discussed in Section 2. These results also con…rm the …ndings in Trivedi (2003) which also highlight the formation of clubs with kernel estimates of the densities of the Indian state income distribution over 1960 to 1992. The stochastic kernels improve over these estimates by providing the intradistributional dynamics of how these clubs evolve over time.
Explanations of polarised economic growth across Indian states -infrastructural di¤er-ences
Di¤erential growth and development across regions is very often attributed to di¤erent levels of infrastructural development. While the choice of a particular kind of infrastructure addressed in the paper can be considered as ad hoc in choice, the focus on the role of di¤erent kinds of infrastructure remains compelling, particularly for developing economies. The growth-equipment investment nexus is found to be particularly strong in LDCs, and is attributed to the high returns to equipment investment in LDCs. Similar concerns regarding the importance of human and social infrastructure, embodied in the likes of literacy, and health and various organizational practises are widely discussed too. Theoretical studies of Stokey (1991) , Galor and Tsiddon (1994) all associate human capital accumulation and economic growth positively. Empirical studies of Lee (1993) and Benhabib and Spiegel (1994) also evince that there exists a strong association between educational attainment and economic growth. The importance of …nancial infrastructure in aiding development and growth is also stressed. Empirical studies of King and Levine (1992) , Benhabib and Spiegel (2000) highlight the positive association of …nance and economic growth, and on India in particular, Burgess and Pande (2005) also …nd evidence of rural credit expansion in having increased Indian income per capita and reduced poverty over the 1960s to the 1990s. Rud (2008) also discusses the role of electri…cation in advancing industrial development across Indian states.
Recent studies have already sought to identify such non-linear relationships using similar non-parametric methods, for example Kalaitzidakis (2001) and Fiaschi and Lavezzi (2003) . The distributions dynamics method allows itself as an apposite method to explore the non-linear relationships. For robustness, I will also conduct similar conditioning exercises using panel regressions method in the following section.
The conditioning methodology in the distribution dynamics approach is similar to that in traditional panel or cross section regression appraoches. While with standard methods of panel regressions, one compares E(Y) and E(YjX) to observe conditional convergence, the distribution dynamics approach compares the entire distributions of Y to YjX. As no change in the conditioned and unconditioned distributions is observed, one concludes that the conditioning variable does not explain the distribution dynamics. Quah (1997) shows that just as stochastic kernels can provide information about how distributions evolve over time, they can also describe how a set of conditioning factors alter the mapping between any two distributions. Hence, to understand if a hypothesised set of factors explains a given distribution one can estimate a stochastic kernel mapping the unconditional one to the conditional one, to observe whether there is persistence or there is conditional convergence.
In the next section the data used for the conditioning analysis is described and then the results of the conditioning exercise are presented. Table 1 6 . The weights associated with each infrastructure variable is in Table 2 .
The conditioning distribution dynamics
The distribution dynamics of the index INFRA in Figure 5 sheds some interesting light on the changes in the spatial distribution of infrastructure. Though the upper half of the probability mass lies on the diagonal, the bottom half twists sharply anti-clockwise and runs parallel to the vertical line passing through 1. This implies that lower income group states have observed convergence in their levels of infrastructure. While this result does not shed any light on its role in explaining the observed polarisation of incomes across Indian states, it highlights how poorer states have had similar levels of infrastructure, an insight which will be useful later on.
To construct the conditioned distribution with the infrastructure variables, it is …rst important to ascertain the exogeneity/endogeneity of the variables. Granger causality tests con…rm the endogeneity of the infrastructure index.
To prevent the conditioned distribution constructed to be free from feedback e¤ects (or bi-directional causality), it is obtained by regressing state GDPs on a two-sided distributed lag of the time varying conditioning variables and then extracting the …tted residuals for subsequent analysis. This will result in a conditioned distribution free from feedback e¤ects irrespective of the exogeneity of the right hand side variables. The method derives from that suggested by Sims (1980) , implemented in Quah (1996) , where endogeneity (or the lack of it) is determined by regressing the endogenous variable on the past, current and future values of the exogenous variables, and observing whether the future values of the exogenous variables have signi…cant zero co-e¢ cients. If they are zero, then one deduces that there exists Table 3 : Conditioning regressions (two sided projections) of state GDPs on infrastructure no "feedback", or bi-directional causality. The residuals constitute the variation of the dependent variable unexplained by the set of exogenous variables, irrespective of endogeneity. The results for these two-sided regressions are tabulated in Table 3 . All projections in Table 3 suggest that infrastructure at lead 1 though lag 2 is signi…cant for predicting GDP, but not consistently for other leads and lags. Fit does not improve with increasing lags (or leads). There are a fairly stable set of co-e¢ cients of the two-sided projections. The residuals of the second lead-lag projections are used as the conditioned distribution of GDP on infrastructure, though results are unaltered by using residuals from other projections.
In Figure 6 and the contour in Figure 7 one observes conditional convergence for the lower income convergence club. This suggests that the inter-state distribution of infrastructure is associated with the formation of the lower convergence club. If one could perform a further set of tests to establish causality within the distribution dynamics framework, this could substatiate the low infrastructure-low growth hypothesis for the poor states in India. Without the methodology not being developed to address endogeneity in a non-parametric framework, the …nding here is suggestive that the lower convergence club all share the similar characteristic of being poorly developed in infrastructure.
One can also undertake more general tests within the distribution dynamics framework. I have performed some further conditioning tests with Figures 8 and 9 present the stochastic kernel mapping each state's income (relative to the national average) to that relative to the average income of states with the same level of education. I construct a composite index of education by factor analysis, (results not presented and obtainable from the author), using three indicators of educational attainment -percentage of the population literate, primary school enrolment rates, secondary school enrolment rates. I run the two-sided lead-lag regressions to account for endogeneity, and extract the residuals to obtain the relevant conditioned distribution. The conditioning results reveal that for the lower income states the kernel twists anticlockwise, with the bulk of the probability mass running parallel to the "original" axis. Most of the upper half of the kernel runs along the diagonal. This implies that for lower income groups, and at the very upper end of the income distribution, education is associated with the distribution of the states'GDP.
When the conditioning is performed only with literacy (percentage of population literate), presented in Figure 11 one obtains evidence of conditional convergence for the lower income club. The lower half of the stochastic kernel twists anticlockwise and runs parallel to the original axis. One also obtains conditional convergence for conditioning with percentage of irrigated land, as revealed in Figure 10 . Here, again one observes conditional convergence in the lower tail of the kernel. I repeat the same analysis with state development expenditure: I generate residuals from the lead-lag regressions of GDP on state development expenditure, which serve to be the conditioned distribution. The results presented in the Appendix, indicates persistence and immobility for the most of the income distribution. A closer look, however, reveals that at higher income levels (those above the national average) and below 50% of the national average, the kernel twists anticlockwise. This implies that state domestic expenditure marginally a¤ects the dynamics of the distribution at the higher and lower ends.
The relative insigni…cance of state development spending in our estimates does not necessarily mean that such spending is irrelevant to progress in reducing growth disparities, since other signi…cant variables in the model may themselves be a¤ected strongly by development spending. The impact of roads, education and infant mortality may be re ‡ecting in part the development spending on physical and social infrastructure. Further tests were conducted to test for conditional convergence with the other individual variables used in the analysis, but no evidence of conditional convergence was obtained.
To summarise our results:
I observe conditional convergence for the lower income club, when conditioning with the infrastructure index.
I also observe instances of conditional convergence for the lower convergence club, with conditioning on education (index), literacy, percentage of land irrigated.
The results obtained depart from those obtained in earlier empirical studies: it isolates "conditional convergence" at speci…c parts of the income distribution. These results would go uncovered in standard methods of investigating for conditional convergence using regression analyses. I have uncovered speci…c factors (low levels of education, literacy, percentage of irrigated land) which are associated with low GDP outcomes. In the following section, I undertake some robustness checks by complementing these results with those of standard panel "growth regressions".
Robustness tests: a panel regression approach
I now complement the earlier results with panel regressions for robustness this will enable us to uncover individual associations of the infrastructure variables with the state growth rates of GDP. Earlier conditioning exercises with the distribution dynamics approach reveal that di¤erent infrastrucutre types have mattered at di¤erent parts of the distribution. For example, the infrastructure index seems to explain polarisation at the two tails of the distribution, with no information on its relationship with the GDP of the middle-income states. Explaining di¤erential behaviour at di¤erent levels of the income distribution is particularly important for policy purposes in targeting speci…c states with particular development strategies. Addressing both sets of results will enable us to derive both distributional patterns, and the individual associations of the explanatory variables with the growth rates 7 . For each state, i = 1; ::::; N over dates 1; ::::; T , I estimate a growth regression given by:
where the dependent variable is the growth rate of per capita income of state i in year t, i is a state-speci…c e¤ect, X i is a vector of regional characteristics, comprising of initial conditions and trends in exogenous timedependent explanatory variables. The explanatory variables which are used in the analysis are as follows.
share of agriculture in state domestic product rate of in ‡ation measured as the change per year in the natural log of the (adjusted) CPIAL infrastructure (measured as INFRA, calculated earlier, incorporating both physical and social infrastructure. Individual infrastructural indicators as described earlier will also be used in separate regressions.
real state development expenditure per capita.
I account for di¤erences in production structure across states by introducing the share of agriculture in SDP, as a control variable. I also control for in ‡ation; the adverse and disparate impact of in ‡ation on regional growth has been identi…ed in past research (Bell and Rich (1994)) One can specify the state-speci…c e¤ects in two ways -as …xed or random. In the …xed e¤ects approach, the regression intercept is assumed to vary across the states. I then estimate the regression using the least squares dummy variable approach (i.e., using a dummy variable for each state), or using a suitable transformation of the model to facilitate computation. On the other hand, when one estimates using the random e¤ects approach, the state speci…c e¤ect is modelled as an additional, time-invariant error term for each state. The covariance structure of the composite error term i + " it allows estimation by the generalised least squares method. This is our preferred speci…cation, as allowing for individual e¤ects is in e¤ect leaving permanent di¤erences in growth rates unexplained. The random e¤ects approach also has an advantage in that it reduces the number of degrees of freedom lost due to the number of dummy variables introduced in the …xed e¤ects approach. However, the random e¤ects approach assumes that the state speci…c random error is uncorrelated with the other explanatory variables, which may not be the case. Thus to check for the appropriateness of the random e¤ects approach I test for orthogonality of the random e¤ects and the regressors using the Hausman test. I will present results for both …xed and random e¤ects speci…cations; the results only marginally di¤er. For all our tests (i.e., tests of signi…cance and the Hausman test), I use the Huber-White estimate of variance, which allows for di¤erent error variances across states as well as serial correlation for the states. To account for the endogeneity of the individual infrastructures, I use the method of two stage least squares, to be detailed in the following subsection. Table 4 tabulates the results. In our …rst speci…cation (columns 1 and 2) I test for the explanatory power of infrastructure in general, summarised by the indicator INFRA calculated earlier in Section 4.1, real state development expenditure, and the initial level of SDP (in year 1977), with control variables -the share of agriculture in SDP and in ‡ation. Column 1 summarises the …xed e¤ects results, column 2 the random e¤ects. 36 per cent of variation in the growth rates are explained by the …rst model -this improves marginally for the random e¤ects speci…cation. For both speci…cations the coe¢ cient for infrastructure (the variable used is INFRA), is positive and signi…cant. The development expenditure indicator, is not signi…cant in both cases. The coe¢ cient for in ‡ation too is not signi…cantly di¤erent from zero in both speci…cations. The coe¢ cient of the initial level of income is negative, as would be expected, but is not signi…cantly di¤erent from zero.
When the state speci…c e¤ects are speci…ed as …xed, the precision of the estimates decline (the standard errors increase by about 40%). This is because a great deal of cross section information is absorbed in the state speci…c dummies. That the coe¢ cients do not signi…cantly di¤er between random and …xed e¤ects estimates, is con…rmed by the Hausman test, where the null hypothesis that the state speci…c e¤ects are orthogonal to the regressors is not rejected. In other words, one need not reject the random e¤ects model in favour of the …xed e¤ects model.
Columns 3 and 4 present results for some basic infrastructural indicators included individually. Percentage of net irrigated area of net cultivated area, per capita industrial power consumption, length of road network per 1000 sq km, infant mortality rate (marginally), primary education, and the ratio of bank deposits to the state GDP are all signi…cantly di¤erent from zero. The last two indicators can be seen to be proxies for level of education and the depth of the …nancial sector, respectively. Replacing the variable INFRA (as in columns 1 and 2) by the individual infrastructural indicators increases the explanatory power of the model to almost 40 per cent. All of the indicators are observed to be signi…cant. Our two control variables, the structure of production represented by the share of agriculture, and in ‡ation, are not signi…cant. The coe¢ cient for state development expenditure, too, is not signi…cantly di¤erent from zero.
Irrigation, measured as percentage of gross cropped area irrigated, appears to be a signi…cant explanatory variable in all speci…cations (including the 2SLS speci…cations following in columns 5 to 10). The states of Punjab and Haryana are examples of the radical bene…ts from the Green Revolution implemented in the mid sixties, which involved creating extensive irrigation facilities, alongside radical land reforms and provision of credit institutions. Per capita consumption of industrial power also appears to be consistently signi…cant across all speci…cations. Other indicators of power consumption, i.e., that of percentage of villages with electricity, and per capita total consumption do not consistently appear as signi…cant explanatory indicators.
The density of the road network, accounting for the e¤ect of transport and communication, is also revealed to have a positive and signi…cant e¤ect in all speci…cations. Other physical infrastructure variables, for example, number of vehicles per 1000 inhabitants, length of rail network, do not show up as signi…cant variables explaining cross section growth variation. The importance of road networks over that of railroad connections and that of motor vehicles can be accounted for by the di¤erent forms of informal road transport characteristic of poor economies connecting the villages, small townships, semi-urban areas, to the urban townships and cities. Despite developed rail connections within and between states, roads still remain the main means of communication between villages and the nearest townships. Speci…c identi…cation strategies, or even better district level data on road and rail density may be able to well identify the role of transportation networks and interstate development, which we do not undertake in this paper.
Of the three education variables, primary education appears to have played a signi…cant role in explaining di¤erential growth performances across Indian states. In all the speci…cations (as we will also …nd is the case for the 2SLS estimates), one observes that literacy is signi…cant. This can be explained by the nature of economic development in rural and semi-urban areas and townships, where employment is mostly in the tertiary sector, and is largely informal, requiring skills no more than primary education. Rural India which constitutes over 75% of the population, is most likely to have a government sponsored primary school, which could explain the signi…cant impact of literacy and primary education.
Finally bank o¢ ces per 1000 inhabitants, bank deposits and bank credit as a share of GDP, used as indicators of …nancial development, are also revealed to signi…cantly explain variation in growth rates across the states. This may be proxying for the level of development, so some tests of endogeneity are discussed in the following section.
Endogeneity of infrastructure
Much of the insigni…cance of many of the explanatory variables in our estimations may be attributed to the endogenous nature of the infrastructure variables. Reverse causality between infrastructure and economic growth (especially GDP per capita levels) may arise due to a number of reasons. infrastructural projects involve a substantial …xed cost which cannot be undertaken unless income is higher than a given threshold. It is also likely that new infrastructure is systematically located in areas where …rms have more chances of being successful for reasons other than infrastructure availability. Proximity to markets, coastal areas, primary resources and labour are factors that can attract productive investment.
To avoid biased estimates because of potential endogeneity I run twostage least squares regressions. Endogenous (and exogenous) variables have been determined by Granger causality tests 8 . The …rst stage regressions of infrastructure equations are presented in Table 5 , using random e¤ects speci…cations 9 . The results of the Columns 1 and 2 in Table 6 present results of the …xed e¤ects and random e¤ects regression under 2SLS, corresponding to the speci…cation in Columns 3 and 4 in Table 4 . There is no signi…cant increase in explanatory power (previously 36% in Table 4 In the second set of regressions in columns 3 and 4, the control variables share of agriculture in state GDP and in ‡ation, and real development expenditure are dropped, given their insigni…cance in the earlier speci…cations tabulated in Table 4 . In Cols 3 and 4 I present the 2SLS results of the models estimated in columns 3 to 6 of Table 4 10 . An F test for infant mortality reveals the relative weak explanatory power of the variable in this speci…cation, hence is dropped. Literacy is again signi…cantly (and positively) associated with growth. Whether this association highlights causality of levels of education on economic growth is unclear, as it is unclear whether it simply proxies "level of development" even after having undertaken two stage least squares method.
Finally, being unable to …nd suitable instruments for state development expenditure, I use the residuals extracted from the lead-lag regressions, used for the conditioning distribution dynamics in Section 4.2 as the instrument. The results reveal again that development expenditure does not explain any variation in growth rates across states.
Conditional convergence is not obtained in the panel regression approach.
Using a two-stage least squares approach, I …nd that net area irrigated, primary education, road density, literacy, roads, power consumption in industrial sectors, and bank deposits to be infrastructural variables that are signi…cantly associated with state level growth rates. These variables have been found to be robust across several speci…cations.
The results of conditional convergence obtained with the general infrastructure index, education, literacy, and percentage of land irrigated are in agreement with those obtained under the distribution dynamics results. This supports our earlier …nding that these variables explain the observed distribution dynamics of incomes. The distribution dynamics results moreover, isolate the sub-group of states for which these economic factors are signi…-cant. Conditional convergence observed in the distribution dynamics is only obtained for the lower income group of states, not the higher income group of states. This suggests that these infrastructure variables are associated with low performing states and not the high income states.
Conclusion
This paper has examined the convergence of growth and incomes across Indian states using an empirical model of dynamically evolving distributions. The main stylised facts are of "twin-peaked" dynamics over the period -that the Indian inter-state distribution has polarised into two income convergence clubs. Some cohesive tendencies are observed in the 1960s, only to dissipate over the following three decades. These …ndings contrast with those emphasised in works of Aiyar (2000) , Bajpai and Sachs (1996) , Nagaraj and Venganzones (1997), where divergent tendencies are highlighted, but increasing polarisation and club convergence remains undocumented.
I show that the Indian states have polarised into two income convergence clubs: one at 50 per cent of the national average, the other at 125 per cent of the national average -a "rich states" club and a "poor states" club.
Using the same empirical tools further reveals that such dynamics are associated with the spatial distribution of infrastructures. Infrastructure is found to explain the formation of only the lower convergence club and not the upper club -this would not have been revealed with standard tools of cross-section, panel regressions or time series analyses. For robustness panel regressions performed reveal that education, literacy rates, and percentage of irrigated land, individually are signi…cantly associated with higher growth rates. The results obtained with the distribution dynamics, goes one step further and are able to distinguish for which group of states these factors are signi…cantly associated with.
Of the infrastructure indicators the panel regressions also reveal that roads, power consumption in industrial sectors, and bank deposits are signi…cant infrastructural components which are positively associated with economic growth. Further research, using more microlevel data is required to successfully eliminate out the e¤ects of endogeneity related to the infrastructural components. Conditional convergence is rarely observed, if at all.
The empirical results suggest that the association between infrastructural indicators and economic growth is a signi…cant one. This is revealed especially so for the lower income states. For future resesarch, it would be useful to have a well-de…ned model de…ning the channels through which infrastructure promotes growth.
Data Appendix
States used in the study:
Andhra Other states were excluded from the study due to the incomplete data available over the given period. These states together constitute for over 80% of the national population.
Price data that has been used to de ‡ate the nominal GDPs has also been obtained from the above mentioned data set, and is the adjusted CPIAL index.
State development expenditure constitutes of expenditure on both economic and social services. The economic services include agriculture and allied activities, rural development, special area programmes, irrigation and ‡ood control, energy, industry and minerals, transport and communications, science technology and environment; the social services include education, medical and public health, family welfare, water supply and sanitation, housing, urban development, labour and labour welfare, social security and welfare, nutrition, and relief on account of natural calamities.
8 Appendix A Quah (1997) exploits a duality property from Markov process theory to provide a model of distribution dynamics. To model the distribution dynamics, one observes a scalar stochastic process, and then derives the implied unobservable sequence of distributions associated with this process. This hypothesised distribution sequence is then de…ned to be the dual to the observed scalar stochastic process. The property is reversed (the mathematics involved, However, remaining una¤ected) to track the distribution dynamics as follows: while the sequence of distributions is observed, its dual, the scalar stochastic process, is implied, though unobserved. The dynamics of the scalar process is described in a transition probability matrix, while the dual to this, the stochastic kernel, describes the "law of motion" of the sequence of distributions. These will serve as models which describe the distribution dynamics across the Indian states.
The following clari…es the concepts discussed above. Let F t be the measure corresponding to the cross-country income distribution at time t. The stochastic kernel which measure the evolution from F t to F t+1 is a mapping M t from the Cartesian product of income values and Borel measurable sets to [0; 1], such that rBorel measurableA; F t+1 (A) = Z M (A; y)dF t (y)
It is M t which encodes all the information about the evolution, or the law of motion of the sequence of distributions over time periods t and t + 1. It contains information of the intra-distributional dynamics, hence revealing speci…c external shapes of the distribution, unrevealed in standard empirical proced. M t is assumed to be time-invariant, (and in this case, leaving out an error term, inclusion of which would render the model as analogous to a …rst order vector auto-regression in distributions rather than scalars or …nite dimensional vectors), one can re-write the above expression as
For simplicity in calculations, iterating the above equation and leaving out the error term, one can write:
As s ! 1 it is possible to characterise the long run distribution -this is called the ergodic distribution and it predicts the long term behaviour of the underlying distribution. If F t+s degenerates to a point mass one can conclude that there is a tendency to global convergence. If F t+s tends towards a bimodal distribution (the case with the Indian states) one can conclude that there tendency to polarization, with the rich and the poor being pulled apart. Di¤erent variants of equation (1) allow the researcher to derive the various spectral characteristics of M t , such as intra-distributional mobility and the speed of convergence.
9 Appendix B: Conditioning dynamics with state development expenditure 
